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Abstract 
Micro turning is a process by which micro components can be produced.This paper deals with CNC Micro turning of Inconel 
600 alloy with titanium carbide coated tool. Machining is done in DT-110 integrated multiprocessor micro machine tool.Micro 
turning is carried out with full factorial experiments with various combinations of cutting parameters such as speed (25,31, and 
37 m/min), feed (5,10, and 15 μm/rev) and depth of cut (30,50 and 70 μm). For every set of experiments, the output parameters 
such as the tool wear and the surface roughness are measured. Non-linear regression model is used to represent relationship 
between input and output variables and a multi-objective optimization method based  genetic algorithm is used to optimize the 
cutting parameters in turning process such as cutting speed, feed and depth of cut. Two conflicting objectives such as tool wear 
and surface roughness are simultaneously optimized. 
© 2013 The Authors.Published by Elsevier Ltd. 
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1. Introduction 
The use of miniaturized products and components has shown a rapid increase in the recent years due to their 
wide range of applications and advantages. Miniaturized products are used in various fields such as information 
technology, medical and biomedical, automobile industry, communication, MEMS, avionics, electronics, etc. 
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Miniaturization of products lead to lower power consumption, higher heat transfer rate, material and space 
optimization, higher surface quality and part accuracy, ease in transportation, enhanced health care and quality of 
life [1].Micro turning is a conventional material removal process that has been miniaturized[2]. The surface 
roughness (Ra) and flank wear (Fb) had investigated process optimization to determine the optimal valuesof cutting 
parameters such as cutting speed, feed rate and depth of cut[3].  However, single objective approaches have a 
limited value to fix the optimal cutting parameters, where different contradictory objectivesmust be simultaneously 
optimized[4].Hence, multi-objective approacheswhich consider several different and contradictory objectiveshave 
been reported in cutting parameters optimization[5].Since genetic algorithm (GA) is a good tool for solving multi-
objective optimization and it works with a population of points a multi-objective optimization method, genetic 
algorithm[6], is proposed to obtain the optimal parameters in micro turning process. 
 
Nomenclature 
s feed (μm/rev) 
v cutting speed (m/min) 
a depth of Cut (μm) 
Ra surface roughness (μm) 
Fb tool wear or flanks wear (mm) 
GA        genetic algorithm 
SI Units 
μm micro meter 
rev revolution 
mm milli meter 
m/s meter per Second 
2. Micro Turning 
Micro turning has the capability to produce 3D structures on micro scale. As solid cutting tool is used in micro 
turning, it can produce definite3D shapes[7].Micro turning is used to produce microcomponents such as 
microshafts, microelectrodes, micropumps, microreactors, etc.[8]. It is a scaled down version of conventional 
turning process but operating in microscale of machining parameters to produce microcomponents.Since solid 
cutting tool is used in microturning it has the capability to produce three dimensional features in micro scale[9]. A 
microshaft with a high aspect ratio and micron range diameter cannot be machined by a cut, parallel to the axis of 
the job as in conventional turning process. As the machining goes on the shaft tends to deflect because the diameter 
reduces and the unsupported length of the workpiece increases. Fig.1describes one possible way of the fabrication 
of miniature shafts by the step cutting process.Unlike the conventional parallel cut turning, in this work, turning is 
done in a step wise manner, which will help in minimizing the deflection of the shaft[10]. 
 
 
Fig.1.Turning in steps by cutting parallel to workpiece axis 
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3. Experimental Details
3.1. Machine Tool
The machine tool used for performing micro turning was MIKROTOOLS DT-110 and is shown in figure 2. It is
a 3-axis automatic multiprocess integrated machining system for performing various micromachining operations
such as Micro-Turning, Micro-Milling, Micro-Grinding, Micro-Electro Discharge Machining, Micro Wire-Electro
Discharge Machining, Micro-Electro Discharge Grinding and Micro-Electro Chemical Machining [11].
Fig.2.Mikrotools DT110Micromachine tool
3.2. Work Piece and Cutting tool
Inconel 600 alloy of commercial quality was used as a work material .Smaller work pieces of 50 mm length 
were subjected to micro turning process. The titanium carbide coated tool was used for turning of Inconel 600
alloy having 0.2mm nose radius, and 11° relief angle.
4. Determination of Machining Performance
4.1. Surface Finish Measurement
Ra is the arithmetic average of the absolute values of the roughness profile ordinates, also known as Arithmetic 
Average (AA), Center Line Average (CLA).The average roughness is the area between the roughness profile and 
its mean line, or the integral of the absolute value of the roughness profile height over the evaluation
length[12].Roughness is measured in microns(μm).Ra of the machined surface is measured using the contact type
surface roughness tester (Model: SE3500, Make: Surfcoder) with 0.8 mm cut off length and 4 mm transverse
length with phase corrected gaussian filter as shown in the fig.3.
Fig.3.SurfcoderSE3500
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4.2. Tool Wear Measurement 
During machining, the chosen cutting wedge changes its shape/form due to wear on flank surface, rake face and 
nose region. In precision turning owing to fine depth of cut and feed rate, tool-work interaction is mostly confined 
to the nose region. The cutting tool experiences typical triangulation wear with a wear land immediately below the 
cutting edge on the nose region.[12].The tool flank wear was measured using a non-contact Video measuring 
system (VMS - 2010F) as shown in the fig.4. 
 
 
Fig. 4.Non-contact video measuring system(VMS - 2010F) 
 
5. Experimental Design 
The experimental design involves the selection of suitable levels for the machining parameters i.e. cutting 
speed, feed, and depth of cut. Based on the machine tool, cutting tool and work piece capability selection 
parameters were made as listed in Table 1. The parameters each at three levels would result in 33 = 27 
combinations and full factorial experiments was conducted and tabulated in Table 1. 
  Table 1. Parameters and Their Levels 
S. No. Parameter Unit Level 1 Level 2 Level 3 
1 Cutting Speed 
m/min 25 31 37 
(rpm) (1000) (1500) (2000) 
2 Feed m/rev 5 10 15 
3 Depth of cut m 30 50 70 
6. Results and Discussions 
The experiments were conducted for 27 combinations using full factorial method and the output parameters i.e 
surface roughness and tool flank wear were measured. Typical observed variation of flank wear and surface 
roughness with different feed conditions (5,10 and 15 μm/rev) and cutting velocity (25,31 and 37m/min) for a 
depth of cut of 30, 50 and 70μm are illustrated in fig.5. 
 
From the graphs it can be seen that the surface roughness and flank wear were minimum between the 
experiments 2 to 5, increases between the experiments 10 to 12 and remains constant for the experiments 21 and 
22.From the obtained experimental results the best conditions for machining was found from the experiments 2 to 
5 [13]. 
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6.1. Observations on Flank Wear 
From the above graphs, it is observed that with increased feed rate, at a machining speed of 25 m/sec, for a 
depth of cut 30 m, tool wear drops down. This clearly indicates dominant plowing mode of machining especially 
with small feeds and with increasing feed rate, machining becomes steadier associated with increased wear. With 
depth of cut of  50 m, tool wear are seen to be mostly steady around (120-150 m) and300-350 (wear units).With 
depth of cut 70 m tool wear tend to rise appreciably as shown in fig.5. 
 
For the machining speed of 31 m /sec, tool wear tends to rise progressively but for a reduction with higher depth 
of cut. For the machining speed of 37 m/sec, tool wear tend to rise appreciably with 50 m depth of cut. The 
observed small flank wear with 30 m depth of cut can be attributed to plowing dominant machining while the 




Fig .5. Experiment no. Vs flank wear and surface roughness 
6.2. Observations on Surface Roughness 
With regards to surface roughness (Ra) tends to vary marginally with smaller depth of cut. The surface 
roughness increases with increasing depth of cut and feed rate. The roughness varies within 0.5-1.25 m.For the 
machining speed of 31 m /sec, surface roughness (Ra) tends to marginally rise and sets around 1 m with 
increasing depth of cut. 
7. Statistical Modeling 
7.1.  Modeling of surface roughness 
The analytical model for surface roughness was developed by modeling the relationship between surface 
roughness and machining conditions based on the following relationship.  
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Where Ra is the surface roughness( m), v, s, a are the cutting velocity(m/min),feed( m/rev),depth of 
cut( m)respectively and x, y, z are exponential  and k is constant of proportionality.  The nonlinear regression 
model was developed using SPSS Software with the results of the full factorial experiments.   The results are 
tabulated in table 2 and the estimated parameters are asymptotic 95%.  The ANOVA table is shown in table 3. 
  Table 2. Parameter Estimates 
Parameter Estimate Std. Error 95% Confidence Interval 
Lower Bound Upper Bound 
K .048 .069 -.094 .191 
X -.062 .346 -.778 .653 
Y .445 .143 .149 .740 
Z .516 .181 .143 .890 
 
0.062 0.445 0.5160.048aR v s a    (2) 
  Table 3.Anova table 
Source Sum of Squares DOF Mean Squares 
Regression 17.857 4 4.464 
Residual 1.355 23 .059 
Uncorrected Total 19.212 27  
Corrected Total 2.597 26  
Dependent variable: Ra 
a. R squared = 1 - (Residual Sum of Squares) / (Corrected Sum of Squares) = .478 
7.2.  Modeling of flank wear 
The analytical model for tool wear was developed by modeling the relationship between tool wear and 
machining conditions based on the following relationship.  
 
x y z
bF k v s a     (3) 
Where Fb is the tool wear in mm, v, s, a are the cutting velocity(m/min), feed( m/rev),depth of cut( m) 
respectively and x, y, z are exponential and k is constant of proportionality. The nonlinear regression model was 
developed using SPSS Software with the data from the full factorial experiments.  The results are tabulated in    
table 4 and the estimated parameters are asymptotic 95%. The ANOVA table is shown in table 5. 
Table 4.Parameter Estimates 
Parameter Estimate Std. Error 95% Confidence Interval 
Lower Bound Upper Bound 
K .004 .004 -.005 .013 
X .495 .257 -.037 1.027 
Y .545 .108 .321 .769 
Z .763 .141 .471 1.055 
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0.495 0.545 0.7630.004bF v s a    (4) 
  Table 5.Anova Table 
Source Sum of Squares DOF Mean Squares 
Regression 67.308 4 16.827 
Residual 2.704 23 .118 
Uncorrected Total 70.012 27  
Corrected Total 9.960 26  
Dependent variable: Fb 
a. R squared = 1 - (Residual Sum of Squares) / (Corrected Sum of Squares) = .729 
8. Genetic Algorithm Optimization: 
8.1. General Description 
Genetic Algorithm (GA) is an optimization algorithm developed as a part of evolutionary computing inspired by 
[14]. Genetic Algorithm needs solution to the problem as a genome 
(chromosome).  Genetic Algorithm is beginning with a set of solutions (chromosomes) called population.  New 
population is formed by using result of previous population to the fitness which is used to form new solution.  
These solutions are applied to genetic operators such as mutation and crossover to evolve the solutions in order to 
find the best result.  The flow process of Genetic Algorithm is shown in Fig 6. 
8.2. Fitness Function 
A fitness function is a particular type of objective function that is used to summarize, as a single figure, how 
close a given design solution is achieving the set aims.  In this present research, two fitness functions are used in 
order to get the optimum results in both surface roughness and flank wear. 
 
0.062 0.445 0.516
1 0.048f v s a      (5) 
0.495 0.545 0.763
2 0.004f v s a      (6) 
8.3. Generation of the initial populations 
The Genetic Algorithm starts with a large commune of chromosomes known as initial population.  In this case, 
the parameters are the chromosomes which are generated by the use of random functions.  The required population 
is thus obtained by continual parameter. The limit values of decision variable for each individual in both 
populations are selected from given valid range. The constraints are given by equation. 
 
1 min maxX rand v v v v       (7) 
2 min maxX rand s s s s       (8) 
3 min maxX rand a a a a      (9) 
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  Fig. 6.Genetic algorithm flow chart 
8.4. Encoding 
Chromosome contains information about solution, so the chromosome encoding should be in proper manner. In 
encoding method chromosome can be changed into different form. Binary encoding has been chosen because it 
gives many possible chromosomes even with a small number of alleles. 
8.5. Selection  
Chromosomes are selected from population. Best chromosome should be selected. Tournament selection is 
chosen as a selection Method. 
8.6. Tournament Selection 
Randomly select 2 individuals from the population with equal probabilities (p=1/N).  Place a copy of the fittest 
individual in the mating pool. 
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8.7. Crossover 
Crossover is done by choosing some random points in parent chromosome than interchange everything after the 
random point between parents.  The two-off springs are produced from two parents and these off-springs replace 
the unfit chromosomes in the population.  The number of replacement of unfit chromosomes by newly formed off-
springs is constrained by the population size of the problem. 
8.8. Mutation 
Mutation should be kept very low as the high value will destroy good individuals and degenerate the genetic 
algorithm into a random search method.  Mutation must take place only after the crossover is finished.  The 
number of parameters that are to be mutated is obtained by multiplying the total number of genes in the population 
with mutation factor.  
8.9. Creation of new population 
New population will be created at the end of evolutionary period based on result of current evolution process. 
The evolutionary process is repeated until maximum number of evolution process is achieved. 
8.10. Parameter Settings 
 Population size   =   25 
 Number of generations    =   10000 
 Lower Bound   =  [5 25 30] 
 Upper Bound   =  [15 37 70] 
 
In this study, optimization of process parameters has been done using the multi objective genetic algorithm to 
obtain the optimized cutting conditions for both surface roughness and flank wear.  The coding is executed by 
using GA Multi objective tool.  In Mat lab, an optimum tool is used to execute and optimize by using the above 
parameter settings. 
8.11. Determining Optimal Combination 
Combined objective optimization of response namely tool(flank) wear and surface roughness for micro turning 
of Inconel 600 alloy have been carried out using Genetic algorithm and the optimized values are shown in table 6. 











25 5 30 0.4653 0.6347 
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9. Conclusions 
In this study, statistical modeling and optimization of process parameters has been done using the multi 
objective genetic algorithm to obtain the optimized cutting conditions for both surface roughness and tool wear.  
The coding is executed by using GA multi objective tool. The following conclusions are made. 
 The optimal combination of process parameters to obtain better surface finish and controlled tool flank wear 
through Genetic algorithm technique for machining Inconel 600 alloy using micro turning are cutting speed of 
25 m/min, the feed rate of 5 μm/rev and the depth of cut of 30 μm .  
 By the combination of above mentioned cutting parameters, the surface roughness and flank wear were obtained 
as 0.4653μm and 0.6347 mm respectively. 
 Parametric influence on surface roughness and tool wear has shown that best surface finish can be obtained with 
low cutting speed, low feed rate and low depth of cut. Based on the obtained optimal criteria for tool wear Fb of 
0.6347 mm and surface roughness Ra of 0.4653 μm, it is recommended that low cutting speed, low feed and low 
depth of cut are preferred to micro machine Inconel 600 alloy. 
 The objectives such as surface roughness and flank wear are optimized using a multi-objective genetic 
algorithm and the same has been validated with the experimental results. 
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